Foliar chemical constituents are important indicators for understanding vegetation growing status and ecosystem functionality. Provided the noncontact and nondestructive traits, the hyperspectral analysis is a superior and efficient method for deriving these parameters. In practice, thespectral noise issue significantly impacts the performance of the hyperspectral retrieving system. To systematically investigate this issue, by introducing varying levels of noise to spectral signals, an assessment on noiseresistant capability of spectral features and models for retrieving concentrations of chlorophyll, carotenoids, and leaf water content was conducted. Given the continuous waveletanalysis (CWA) showed superior performance in extracting critical information associating plants biophysical and biochemical status in recent years, both wavelet features (WFs) and some conventional features (CFs) were chosen for the test. Two datasets including a leaf optical properties experiment dataset (n = 330), and a corn leaf spectral experiment dataset (n = 213) were used for analysis and modeling. The results suggested that the WFs had stronger correlations with all leaf chemical parameters than the CFs. According to an evaluation by decay rate of retrieving error that indicates noise-resistant capability, both WFs and CFs exhibited strong resistance to spectral noise. Particularly for WFs, the noise-resistant capability is relevant to the scale of the features. Based on the identified spectral features, both univariate and multivariate retrieving models were established and achieved satisfactory accuracies. Synthesizing the retrieving accuracy, noise resistivity, and model's complexity, the optimal univariate WFmodels were recommended in practicefor retrieving leaf chemical parameters.
I. INTRODUCTION
F OLIAR chemical constituents (e.g., pigments, water, lignin, cellulose, nitrogen) are critical indicators for understanding vegetation productivity, nutrient status, stressors, and other functional processes at ecosystem level [1] . To obtain foliar chemical contents nondestructively, hyperspectral analyses are the mainstream methods allowing noncontact measurement in real time [2] - [4] .
The interaction of electromagnetic radiation with plant leaves (reflection, transmission, absorption) was governed by their chemical constitution and physical characteristics. Variation of these chemical constituents (e.g., chlorophyll, water, etc.) would result in specific changes on reflectance over the visible (VIS) and near infrared (NIR) regions (0.4-2.4 µm), which serves as a physical basis for establishing their retrieval models. In previous studies, many vegetation indices (VIs) that apply algebraic combination on specific spectral bands were proposed and linked with chemical constituents. For example, Kim et al. [5] developed the chlorophyll absorption in reflectance index (CARI) to estimate foliar chlorophyll (Chl) content. The index was advanced in minimizing the effects of nonphotosynthetic materials. In estimating foliar carotenoid (Car) content, Gitelson et al. [6] proposed the Car reflectance index (CRI) that uses a reciprocal reflectance at either 550 or 700 nm to remove the Chl effect. Besides, as mentioned by Gitelson et al. [7] , the tuning of spectral regions was important in retrieving foliar pigments content (i.e., Chls, Cars, and anthocyanins). Given the significance of pigments in plant functions, some researchers pointed out that links between foliar pigment contents and some important plant physiological parameters (i.e., leaf nitrogen, green leaf area index, gross primary production) could also be established [8] , [9] . Besides the pigments content, the retrieving of foliar water content is another important task for understanding the growing status of the plant. Based on the near-and middle-infrared reflectances, Hunt and Rock [10] proposed a moisture stress index (MSI) to detect foliar water content. In addition, a simple ratio of R900/R970 was developed to estimate plants' water content [11] . Besides the VIs, derivative spectral features and continuum-removal features (Der & Con features) were noiseresistant features that were used for retrieving foliar biochemical parameters. The derivative spectral features are able to remove or mitigate some noise effects such as illumination variations caused by terrain background, atmosphere, viewing geometry [12] . The continuum-removal features are efficient spectral analytical tool to extract spectral absorption features including absorption band depth, width, position, area, and asymmetry [13] . The retrieving results of foliar biochemical parameters by derivative or continuum-removal spectral features are usually better than using band reflectance. Asner and Martin [2] found that the derivative features can be well correlated with foliar pigments (Chls and Cars). Pu et al. [14] reported the effectiveness of the continuum-removal features in retrieving leaf relative water content of oak trees.
Apart from the VIs and Der & Con features, it is noticed that a signal processing method, the continuous wavelet analysis (CWA), emerged as a promising tool in identifying efficient spectral features for estimating foliar leaf chemical constituents [15] , [16] . The CWA-derived wavelet features (WFs) were successfully correlated with foliar water content and leaf mass [17] , [18] . Using airborne hyperspectral image data, Cheng et al. [19] , [20] showed that the WFs also held the potential on retrieving canopy-level water content under relatively high noise circumstance. Moreover, given many plant stresses would lead to variation of plants' leaf chemical constituents, the spectral response of the stressed plants would be thus altered. In this case, the CWA method was also proven to be an efficient tool in identifying WFs for detecting plant diseases and pests, freezing damage, etc. [21] - [23] .
In practice, the noise interference is a common issue to applications of hyperspectral data [24] , [25] . Although the spectral smoothing methods can deal with some extent of noise interference, the information loss might occur at the same time. Therefore, the ideal and robust spectral features for retrieving chemical constituents are expected to have not only high sensitivity to the retrieved parameter, but also strong tolerance to the spectral noise. However, the noise-resistant capability for both VIs and CWA-derived WFs remains unclear. To investigate this issue, by introducing different levels of noise to spectral signals, a systematic check on noise-resistant capability was performed for both conventional features (CFs) and WFs. It is expected to identify the most efficient and robust spectral features for retrieving critical foliar chemical parameters, including two foliar pigments: Chl, Car; and a leaf water content (LWC). Therefore, the objectives of this study are: 1) to compare the sensitivity to foliar chemical parameters between CFs and CWA-derived WFs; 2) to assess and compare the noise-resistant capability between the two types of features; and 3) to develop retrieving models of foliar chemical parameters based on the most robust spectral features.
II. MATERIALS AND METHODS
The entire analytical workflow was illustrated in Fig. 1 . In this study, two leaf-level spectral datasets that are relevant to foliar chemical parameters and corresponding spectral measurements were applied to perform a CWA to identify the most efficient WFs. The sensitivity to foliar chemical parameters of the WFs and CFs was assessed and compared. Besides, by introducing different levels of noise to spectral data, the noise-resistant capability was analyzed for the CFs and WFs, which helps to identify the most robust features for retrieving foliar chemical parameters. Based on these features with the univariate and multivariate regression methods, the optimal retrieving models that have the highest accuracy and strongest noise-resistant capability were determined for Chl, Car, and LWC.
A. Dataset Description
The leaf optical properties experiment (LOPEX) data and the corn leaf spectral experiment (CORNSPEC) data are relevant to water content and pigments content (i.e., both Chl and Car), respectively. For analyzing the relationship between concentrations of corns' major photosynthetic pigments and spectral signals, the CORNSPEC dataset was collected in 2013 at Beijing Xiaotangshan Precision Agriculture Experimental Base, Beijing, China. The dataset included a total of 213 corn leaf samples being measured for both spectral reflectance and concentrations of Chl and Car on July 31th, August 14th, and August 28th, corresponding to the growing period from the jointing stage to the end of the silking stage. The leaf spectra were measured by a FieldSpec UV/VNIR spectroradiometer (ASD Inc., Boulder, Colorado, USA) over 400-2500 nm wavelengths, coupled with an ASD Leaf Clip. A total of ten readings were recorded and averaged to obtain a spectral measurement for each leaf. The spectrum of a white Spectralon reference panel (99% reflectance) was measured once for every ten leaf measurements. Leaf reflectance was calculated by dividing the sample radiance with the radiance of the reference panel. Right after the spectral measurements, the exact portion of leaf that received spectral measurement was cut and placed in a tube with 10 ml dimethyl sulfoxide. The pigments were extracted by placing the tube in a 65°C water tub in a dark room for more than 5 h. Then, the chlorophylla (Chla), chlorophyllb (Chlb), and Cars were extracted and their concentrations were computed using the equations of Lichtenthaler et al. [26] as follows:
(1) where C A , C B , and C C are concentrations of Chla, Chlb, and Car in mg·L -1 , respectively. OD 447 , OD 670 , and OD 663 are the absorbency at specific wavelengths. Hereafter, the concentrations of Chla + Chlb and Car are represented by Chl and Car, respectively. While for analysis on foliar water content, a commonly used dataset, the LOPEX data, was applied in this study. The LOPEX data were collected by the Joint Research Centre in Italy for exploring relationships between foliar chemical constituents and spectral signals [27] . The dataset was widely used in remote sensing community for feature selection and model calibration/validation [17] , [28] , [29] . From the dataset, the portion that was relevant to LWC was taken to conduct the analysis, which included a total of 330 measurement of spectral reflectance over the range of 400-2500 nm and corresponding LWC across 45 plant species. The LWC was determined by
where FW and DW are the fresh weight and dry weight of a leaf, respectively. Some information and basic statistics of leaf chemical parameters (i.e., mean and standard deviation) for both datasets are summarized in Table I . The dataset was randomly divided into a calibration subset (60%) and a validation subset (40%) to allow an independent model validation.
B. Spectral Noise
To systematically evaluate the noise-resistant capability of wavelet and CFs, varying degrees of stochastic noise were introduced to the spectra in LOPEX and CORNSPEC datasets. The noise was generated conforming Gaussian distribution across samples, with mean of zero and standard deviation as a proportion of the variance of the original spectra. Four levels of noise were generated with proportion of 1%, 2%, 5%, and 10%. The noise was added to the original spectra to form the noiseinterfered spectra for further tests.
C. CWA Method for Feature Selection
As a tool in signal processing, wavelet analysis has been successfully applied in processing the hyperspectral data for dimensionality reduction and noise suppression [30] - [32] . Different from the conventional VIs that mostly rely on the reflectance magnitude at some specific bands, the CWA is capable in decomposing a signal at continuous scales and wavelengths, which permits a traversal of the entire spectra to search for the most sensitive spectral features. Besides, since the CWA-derived features are directly comparable to the original spectra, it is possible to readily interpret the features by comparing its shape and central wavelength with the spectral absorption regions [16] , [33] . In light of the merits of CWA in information extraction, the method is used for identifying the most sensitive WFs for retrieving leaf chemical parameters. Fig. 1 demonstrates the CWA procedure for spectral feature selection, which includes the implementation of continuous wavelet transform, and the identification of WFs.
1) Implementation of Continuous Wavelet Transform: First, based on a mother wavelet basis function, a wavelet transformation was implemented on each of the spectrum, to convert the original reflectance spectrum to a set of coefficients over continuous wavelengths and scales. The transformation operates the scaling and shifting process to the mother wavelet Ψ(λ) following the equation:
where a is the scaling factor indicating the width of the wavelet, and b is the shifting factor indicating the position [34] . In this way, the spectrum is converted to a set of power coefficients, as indicated by the following equation:
where f(λ) (λ = 1, 2, . . . n, n is the number of wavebands, in this study n = 2500 − 400 + 1 = 2101 with the spectral range from 400 to 2500 nm with 1 nm interval) represents the spectrum. The coefficients (W f (a i , b j ), i = 1, 2, . . . , m, j = 1, 2, . . . , n) constitute a scalogram (an m × n matrix), with scale and wavelength serving as two dimensions. As for the type of mother wavelet, the second derivative of Gaussian function (also known as the Mexican hat) was chosen as the mother wavelet functions with two considerations: first, given the shape of the vegetation absorption features approached to Gaussian or quasi-Gaussian function, Mexican hat function facilitates capturing these features. Moreover, as a convolutional filter, the Mexican hat function has a superior trait in concentrating energy for transformed signal and was proven to have denoise feature in spectral analysis [20] , [23] , [35] , [36] . Given strong correlation existed among wavelet powers at adjacent scales, only data at dyadic scales as 2 1 , 2 2 , 2 3 , . . . , and 2 10 were sufficient to characterize the spectral response, and were thus retained in the scalogram, so as to reduce the computational load of the analysis [19] .
2) Identification of Wavelet Features:
To relate the derived scalogram with leaf chemical parameters, a linear correlation analysis was employed to generate coefficients of determination (R 2 ) between wavelet coefficients and each leaf chemical parameter across all samples. Therefore, the corresponding R 2 values will constitute a correlation scalogram (also an m × n matrix), which is used for indicating the sensitivity of each wavelet coefficient to leaf chemical parameter.
Based on the correlation scalogram, the most sensitive WFs were identified according to a thresholding method [17] , [23] . To achieve this goal, all WFs were sorted in a descending order of R 2 , and a cut-off value of R 2 was applied to retain 1% elements that showed the strongest correlation with the targeted parameter. This process will result in a number of feature regions in the scalogram. To facilitate the calculation of WFs, in each feature region, only the element with the highest R 2 was chosen, which not only guaranteed to find the features that were the most sensitive to the leaf chemical parameters, but also facilitated the calculation of the feature. For each parameter, corresponding WFs were identified using the original spectral data (noise-free). These WFs with fixed central wavelength and scale were then used on the noise-added datasets.
D. Conventional Spectral Features
Apart from WFs, two types of conventional spectral features were also tested and compared with WFs in retrieving leaf chemical parameters, including a set of classic VIs and a set of derivative and continuum-removal spectral features (Der & Con features). According to a thorough literature review, a number of published VIs were selected to be correlated with leaf chemical parameters. All these selected VIs were well documented and recommended for monitoring bioparameters [12] . For retrieving water content, five VIs were selected, including leaf water VI (LWVI-1, LWVI-2), MSI, normalized difference water index (NDWI), and water index (WI). For the two pigment attributes, pigment-specific simple ratio (PSSR), CRI, and double difference (DD) were used to retrieve Chl, and modified normalized difference (mND705, mND680), triangular VI (TVI), CARI, and modified CARI (MCARI) were used to retrieve Car. Besides, 15 classic Der & Con features that capture some important spectral absorption regions (e.g., blue edge, yellow edge, red edge) of vegetation were selected to be associated with Chl, Car, and LWC, respectively. The expressions and descriptions of the aforementioned VIs and Der & Con features are listed in Tables II and III . Similar to the CWA procedure, a correlation analysis was performed to determine the sensitivity of these VIs and Der & Con features to corresponding leaf chemical parameters.
E. Noise Sensitivity Analysis and Retrieving Model
The noise sensitivity of spectral features was quantified according to a decay rate of the retrieving accuracy with increase of noise levels. The root mean square error (RMSE) was used to reflect the retrieving accuracy, which was calculated based on univariate linear regression model. For each spectral feature (i.e., wavelet or CF), the model was trained by the calibration data, and the RMSE was calculated using the validation data:
where n is the sample size; y est is the model estimate of the parameter; and y obs is the measured value of the parameter. Based on the RMSE of the models that were calibrated by noise-free data and noise-added data at various levels, the decay rate (denotes as DecayRate hereafter) can be calculated by
where RMSE maximal is the maximal RMSE (indicating the lowest retrieving accuracy) among the models calibrated with noise-added data at different levels; RMSE normal is the RMSE corresponding to the model calibrated with noise-free data.
To establish retrieving models for leaf chemical parameters, a feature selection procedure was conducted to consider the sensitivity of features and the features' noise-resistant capability. Therefore, the first criterion is that the feature requires a strong correlation with the targeted parameter. Here, a strict rule on the correlation analysis with confidence level of 99.9% (p-value < 0.001) was used to ensure that the selected spectral features have sufficient sensitivity to leaf chemical parameters. The second criterion is that the feature needs to have a relatively low DecayRate. Through many trials, an upper threshold of 0.2 was determined for the DecayRate to ensure that the selected spectral features have a strong capability of noise resistance.
Based on the above-mentioned criteria, the selected spectral features served as input variables for retrieving models. Both the linear regression univariate model and partial least squares regression (PLSR) multivariate model were constructed for each retrieving leaf chemical parameters. All the models were trained with the calibration dataset and assessed with the validation datasets. To evaluate and compare the performance of different models, the coefficient of determination (R 2 ) and RMSE were used as accuracy measures. All statistical analyses were conducted with the programs of the MATLAB software (MathWorks Inc., Natick, MA, USA).
III. RESULTS

A. Responses of Wavelet and Conventional Features to Leaf Chemical Parameters
As shown in Fig. 2 , a gradient of Chl, Car, and LWC would induce corresponding spectral responses that mainly occurred over different spectral regions. The variation of Chl and Car contents mainly caused spectral variation in VIS and NIR regions, whereas variation of LWC would induce spectral changes in NIR and short wave infrared (SWIR) regions. Such pattern provides a basis of retrieving leaf chemical parameters with spectral measurements.
To identify the most sensitive WFs to the leaf chemical parameters, the CWA and correlation analysis were performed, which yielded three separate correlation scalograms indicating correlation across different wavelengths and scales (see Fig. 3 ). According to the features selection criteria as described in Section II-C, the most sensitive WFs were identified for the three leaf chemical parameters (see Table IV ). For Chl, five WFs with R 2 ranging from 0.79 to 0.82 were identified. While for Car, only two WFs with R 2 around 0.65 were identified. Comparing with the pigments, more WFs (n = 7) were identified for LWC, with R 2 ranging from 0.73 to 0.86. The central wavelength and scale of the WFs provided their characteristics. For Chl, the central wavelength of the WFs located in green, red, and NIR spectral regions (i.e., 550-900 nm), with their scale spanning from low (scale = 2) to high (scale = 6). For Car, both the WFs located at relatively high scale (scale = 6) in NIR region, with their central In the range of 920-1120 nm LWC WID-3
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In the range of 1070-1320 nm LWC wavelength located at 709 and 852 nm. For LWC, all sensitive WFs located beyond 1200 nm (i.e., 1200-2400 nm), with their scale ranging from 4 to 8. By superimposing the WFs over the original spectra, it is clear that the identified WFs are able to capture the absorption features caused by variations of Chl, Car, and LWC (see Fig. 4 ). Therefore, those WFs were recognized as potential input variables for retrieving leaf chemical parameters. Comparing with these WFs, the CFs showed remarkable weaker responses to all the leaf chemical parameters. Among the VIs and Der & Con features, Db, DD, and WI exhibited the strongest correlations with Chl (R 2 = 0.72), Car (R 2 = 0.56), and LWC (R 2 = 0.45), respectively. It is noted that some of the CFs failed to show a statistically significant correlation with the leaf chemical parameters, including mND680, AREA-1, Dr, and SDr for Chl; PSSR, CRI550, CRI700, DEP-1, AREA-1, Dr, and SDr for Car; and WID-2 and WID-3 for LWC. The CFs that passed the sensitivity analysis were also used to construct retrieving models.
B. Evaluation of Noise Resistance of Spectral Features
In retrieving leaf chemical parameters, ideal spectral features are expected to have not only sensitivity to these parameters, but also strong noise-resistant capability. To indicate noiseresistant capability of both WFs and CFs, Fig. 5 demonstrates the variation curves of retrieving accuracy (i.e., RMSE) under different noise levels. One can assess the noise-resistant capability of a feature through the slope of the curve. The flat curve indicates strong noise resistance whereas the steep slope indicates obvious influence of noise. In addition, the DecayRate provides a quantitative way to reflect feature's noise-resistant capability.
The WFs responded differently to leaf chemical parameters with respect to features' scales. It is noticeable that the highscale WFs tend to have relatively strong noise-resistant capability. Such a pattern embodied the nature of the wavelet analysis as a convolutional filter performed on the spectral data. If we treat the wavelet transformation as a band pass filter, the CWA will act as a traversal selection mechanism on band (i.e., central wavelength) and pass frequency (i.e., scale factor). All models for retrieving both Chl and LWC that were constructed by low-scale WFs (scale ࢠ [2, 5]) were significantly affected by noise, with DecayRate greater than 0.2. Two high-scale WFs (scale = 6) corresponding to Car retrieval exhibited strong resistance to noise, with DecayRate lower than 0.1. Therefore, in our case, the scale = 6 could be a cut point for identifying noise-resistant WFs in retrieving Chl, Car, and LWC. Besides, it should be noted that the locations of high-scale WFs for pigments differed from those for water content. The high-scale WFs for both Chl and Car distributed around red-edge and NIR regions (700-860 nm), whereas the high-scale WFs for LWC distributed around NIR and SWIR regions (1200-1350 and 1700-1900 nm). While for CFs, it was surprising that most VIs were seldom affected by noise in retrieving leaf chemical parameters, despite the VIs produced much lower accuracies than WFs (see Fig. 5 ). The only exception was the WI, which produced a DecayRate of 0.36. Unlike the VIs, the Der & Con features had varied noise sensitivity. In retrieving Chl and Car, Db, Dy, and Dy showed strong response to noise, while in retrieving LWC, DEP-2, AREA-2, and AREA-3 responded strongly to noise. Besides, the other Der & Con features performed relatively stable under noise interference. The retrieving accuracies of the Der & Con features were also significantly lower than WFs. Such results suggested that many WFs and CFs have considerable noise-resistant capability, which were suitable for establishing retrieving models of leaf chemical parameters. 
C. Retrieving Models of Leaf Chemical Parameters
Using the identified WFs and CFs as input variables, the retrieving models for the three leaf chemical parameters were established with both the univariate and multivariate analysis. According to the results of features' sensitivity analysis and noise resistance assessment, features satisfying not only statistical significant correlation (p-value < 0.01) with corresponding leaf chemical parameter but also the DecayRate lower than 0.2 were retained as input variables of retrieving models. Based on these features, both univariate and multivariate models were established for retrieving each leaf chemical parameter. The retrieving accuracies of the models were validated against both noise free data and data with 10% noise (see Table V ).
The WF-models outperformed the CF-models significantly for all leaf chemical parameters, which was consistent with the pattern as revealed by features' sensitivity analysis. Between the two pigments, WF-model for Chl produced a remarkably higher retrieving accuracy (R 2 = 0.83) than the WF-model for Car (R 2 = 0.66). For LWC, a relatively high retrieving accuracy could be achieved by WF-model, with R 2 = 0.87. Comparing with the retrieving accuracies between models established by original data and data with 10% noise (see Table V ), it was encouraging that only tiny difference was found. Such a result suggested that the retrieving model would not be affected by normal intensity noise. As for the performance between univariate models and multivariate models, the multivariate models produced equal or slightly higher accuracies than univariate models. However, the difference between them was insignificant.
IV. DISCUSSIONS
All the WFs that were identified as most sensitive to leaf chemical parameters reflected the critical spectral absorption traits for corresponding parameters. For Chl and Car, many WFs located around green peak (centered at 559 nm), red valley (centered at 693 nm), and red edge (centered at 709, 717, 764 nm), which were all important positions in VIS-NIR spectral region. Similarly, the identified WFs for LWC also located around 1300 nm, where there is the absorption region of foliar water as mentioned by Curran [3] . Besides, these positions were also reported by Cheng et al. [17] in retrieving LWC with WFs. To process the wavelet analysis, the best capturing of changes on shape of spectral curves can be achieved by compressing and expanding the wavelet (change of scale factor), or shifting its position (change of central wavelength). Given the shape of Mexican Hat wavelet fitted well with the absorption, reflection, and scattering features of the vegetation spectra, the WFs performed well in characterizing spectral responses of the leaf biochemical parameters (see Fig. 4 ). It should be noted that in most cases, the shape-based spectral features would be more robust than spectral features based on bands' magnitude (e.g., some VIs). While comparing with some other shape-based spectral features, such as Der & Con features that are also applied in this study, no spectral normalization is required for WFs, which makes them more robust and superior in dealing with background interferences (i.e., differences in illumination for measurement) [33] . These interior advantages of WFs thus accounted for the notable higher sensitivity to leaf chemical parameters comparing with CFs.
Both WFs and some CFs exhibited strong noise-resistant capability in retrieving leaf chemical parameters. For WFs, a clear relationship was observed between features' scale factor and their noise-resistant capabilities, where high-scale WFs tend to have strong noise-resistant capability. Given that the high-scale WFs tend to capture global spectral variation over broad regions, they are less sensitive to high-frequency noise. Such trait of high-scale WFs permits the analysis based on original spectra directly, which requires no spectral filtering procedure and thus avoids any possible information loss. Together with the sensitivity analysis, a number of high-scale WFs were identified for retrieving Chl (WF3, WF5), Car (WF1, WF2), and LWC (WF1, WF2, WF4, WF5) (see Table IV ), which thus ensured the noise resistivity of WF-models. Despite the evident reason for the lack of strong noise-resistant capability of VIs, some possible explanations were provided. On the one hand, the arithmetic terms of VIs (i.e., normalization, ratio, etc.) might play a role in mitigating the noise impact in retrieving leaf chemical parameters. On the other hand, the relatively weak sensitivity of VIs to leaf chemical parameters (see Table IV ) would cause a considerable uncertainty in retrieving, which might also weaken the influence of noise [37] . While for the Der & Con features, despite most features had strong noise resistivity, some of them responded sensitively to the noise. For example, given the spectral derivative processing would enlarge the difference of neighboring bands, the maximum value of first derivative within blue edge (Db), yellow edge (Dy), and red edge (Dr) appeared to be susceptible to noise. While given the sum of first derivative values within the spectral edge regions would offset the neighboring noise effects, the SDb, SDy, and SDr were less sensitive to the noise. Such phenomenon was also observed by Cloutis [38] .
Benefited from the capability of CWA in characterizing spectral response due to variation of leaf chemical parameters and the strong noise resistivity of high-scale WFs, the WF-models outperformed the VI-models or Der & Con-models in accuracy and robustness in retrieving Chl, Car, and LWC (see Table V ). While for preference of model forms, considering the multivariate models tend to significantly increase the complexity in features' calculation yet lead to unobvious improvement in accuracy (see Table V ), they are not recommended in this study. Conversely, given that the optimal univariate WF-models are able to achieve similar level of retrieving accuracy under a noise interference circumstances, they are recommended in practical applications.
It is worth noting that the WFs and WF-models have a potential to be utilized for retrieving the biochemical parameters at field scale or regional scale with the aid of airborne or satellite remote sensing images. As the wavelet analysis is performed on the entire vegetation spectrum, the capability in acquiring hyperspectral image data is mandatory for the corresponding sensors. It is encouraging that the miniaturized lightweight hyperspectral imaging spectrometers (e.g., UHD185, hyperspectral UAV for UAV platform) and hyperspectral satellite sensors (e.g., HyspIRI, PRISMA) are undergoing a rapid development. To examine the feasibility of the WF-models in retrieving biochemical parameters with these airborne/satellite hyperspectral image data, some field experiments are necessary. Moreover, to find whether the spectral resolution of the airborne/satellite hyperspectral sensors is adequate for processing the CWA analysis, more efforts are expected for understanding the influence of spectral continuity on feature/model's performance in retrieving different leaf chemical parameters.
V. CONCLUSION
In retrieving some critical leaf chemical parameters including Chl, Car, and LWC, the WFs that were derived from CWA significantly outperformed the CFs that consisted VIs, derivative, and continuum-removal features. Both forms of features exhibited strong resistant capability to up to 10% spectral noise. The high-scale WFs tend to have strong resistivity to noise. Through an independent validation dataset, the best models achieved R 2 of 0.83, 0.66, and 0.87 in retrieving Chl, Car, and LWC, respectively. As a tradeoff between models' performance and complexity, the univariate WF-models were recommended for retrieving those leaf chemical parameters in practice.
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